Motivation: Alternative polyadenylation (APA) has been increasingly recognized as a crucial mechanism that contributes to transcriptome diversity and gene expression regulation. As RNA-seq has become a routine protocol for transcriptome analysis, it is of great interest to leverage such unprecedented collection of RNA-seq data by new computational methods to extract and quantify APA dynamics in these transcriptomes. However, research progress in this area has been relatively limited. Conventional methods rely on either transcript assembly to determine transcript 3 0 ends or annotated poly(A) sites. Moreover, they can neither identify more than two poly(A) sites in a gene nor detect dynamic APA site usage considering more than two poly(A) sites. Results: We developed an approach called APAtrap based on the mean squared error model to identify and quantify APA sites from RNA-seq data. APAtrap is capable of identifying novel 3 0 UTRs and 3 0 UTR extensions, which contributes to locating potential poly(A) sites in previously overlooked regions and improving genome annotations. APAtrap also aims to tally all potential poly(A) sites and detect genes with differential APA site usages between conditions. Extensive comparisons of APAtrap with two other latest methods, ChangePoint and DaPars, using various RNA-seq datasets from simulation studies, human and Arabidopsis demonstrate the efficacy and flexibility of APAtrap for any organisms with an annotated genome.
Introduction
Pre-mRNA cleavage and polyadenylation plays a key role in transcription termination, cytoplasmic localization, RNA stability and translation (Tian and Manley, 2017; Wu and Bartel, 2017) . Recent transcriptome-wide studies have revealed that most eukaryotic genes produce distinct transcript isoforms through the usage of different polyadenylation sites, a mechanism called alternative polyadenylation (APA) (Di Giammartino et al., 2011; Tian and Manley, 2013) . APA has been increasingly recognized as a crucial mechanism that contributes to the transcriptome complexity and gene expression regulation. The dominant class of APA events involves in the same terminal exon, leading to isoforms with variable 3 0 UTR (Mayr, 2016; Tian and Manley, 2013) . Importantly, dynamic usage of APA sites has been implicated in a variety of biological processes and diseases, including cell activation, growth, proliferation, cancer and neurodegenerative disorders (Batra et al., 2015; Berkovits and Mayr, 2015; Blazie et al., 2015; Di Giammartino et al., 2011; Gruber et al., 2014; Gupta et al., 2014; Han and Kim, 2014; Oktaba et al., 2015; Tian and Manley, 2013; Xia et al., 2014) . Given the functional importance of APA, identification and quantification of APA site usages is critical and may be the first step towards deciphering the underlying mechanism of 3 0 UTR-mediated gene regulation. Efforts has been made to capture 3 0 ends of mRNAs by developing experimental protocols for profiling genome-wide APA sites [reviewed in Ji et al. (2015) ], such as PAT-seq (Harrison et al., 2015) , 3 0 T-fill (Wilkening et al., 2013) , 3 0 READs (Hoque et al.,
2013), TAIL-seq (Chang et al., 2014; Park et al., 2016) and mTAILseq (Lim et al., 2016) . Although these approaches are powerful in providing the precise locations of poly(A) sites, they are costly, technically demanding, and most of them are hampered by inherent technical issues, such as internal priming artifacts. Limited number of poly(A) site databases are currently available, such as PolyA_DB 2 (Lee et al., 2007) , APASdb (You et al., 2014) , PlantAPA (Wu et al., 2016) and PolyAsite (Gruber et al., 2016) , covering only a few species. In contrast, RNA-seq has become the standard technology for transcriptome profiling and has been applied in almost every large-scale genomics studies. Birol et al. (Birol et al., 2015) and Bonfert et al. (Bonfert and Friedel, 2017) developed methods for characterizing cleavage sites on 3 0 UTRs in assembled RNA-seq data, by incorporating untemplated poly(A) sequence at their 3 0 ends. Although RNA-seq reads containing poly(A) stretch can be directly used to identify poly(A) sites, the coverage of poly(A) tails by reads is very poor (Birol et al., 2015; Pickrell et al., 2010) . Some tools are also available to identify novel 3 0 UTRs by transcriptome assembly using RNA-seq data, such as Cufflinks (Trapnell et al., 2012) , 3USS (Le Pera et al., 2015) and MISO (Katz et al., 2010) . However, these tools may lead to truncation of long 3 0 UTRs due to variable read depth and discontinuous coverage in large processed exons. Moreover, isoforms with short 3 0 UTRs are frequently overlooked by transcript assembly tools like Cufflinks because short 3 0 UTRs are often embedded within longer ones (Miura et al., 2013; Xia et al., 2014) . MISO (Katz et al., 2010) can detect tandem 3 0 UTRs, however, it relies on prior knowledge of annotated poly(A) sites, failing to identify novel poly(A) sites beyond existing poly(A) site databases. Therefore, these approaches that rely heavily on annotated poly(A) sites and/or transcriptome assembly results may not be precise or powerful because of incomplete information of known poly(A) sites and inherent limitations of transcript assembly tools. RNA-seq data for transcriptome profiling continue to accumulate in an unprecedented pace, being released for the benefit of all. Several tools are currently in progress to infer differential APA site usage between two conditions by detecting changes in RNA-seq read density. Wang et al. (Wang et al., 2014) UTRs), which might reduce the power of significance assessment of dynamic APA events (Xing et al., 2015) . Obviously, the main drawback of these two methods is that they can neither predict multiple proximal poly(A) sites nor detect dynamic APA site usage considering more than two poly(A) sites. Recent studies using 3 0 end sequencing with increasing depth have revealed that more and more genes contain more than two poly(A) sites (Fu et al., 2011 (Fu et al., , 2016 Ji et al., 2015; Lianoglou et al., 2013; Ulitsky et al., 2012; Wu et al., 2014) . Despite the availability of various methods, detecting all potential poly(A) sites and differential APA site usage remains challenging and there is still lot of scope to improve the accuracy of dynamic APA event identification and the ability to fully exploit the power of RNA-seq for profiling dynamics of APA. 
Here, M is the number of poly(A) sites in the whole 3 0 UTR region in a given gene, which is the number of merged regions. L is the length of the longest 3 0 UTR; N is the number of samples; C ij is the observed coverage depth of position j in sample i; I k j ¼1 or 0 indicates whether the position j belongs to the k th 3 0 UTR or not; e k i is the estimated expression level of the k th 3 0 UTR in sample i.
Let P k be the location of the k th poly(A) site, which is also the length of the k th 3 0 UTR. The expression level of the longest 3 0 UTR can be estimated as the mean read coverage of the fragment from P MÀ1 to P M as this fragment only belongs to the longest 3 0 UTR.
Because the k th ð1 < k < MÞ 3 0 UTR is shared by longer 3 0 UTRs, its expression level is denoted as the mean read coverage of the fragment from P kÀ1 to P k subtracted by the sum of expression levels of the ðk þ 1Þ th to the M th 3 0 UTRs.
Similarly, the expression level of the first 3 0 UTR can be represented as,
2.3 Identification of dynamic APA site usage between two samples
We incorporated a difference index and a linear trend test (Fu et al., 2011 (Fu et al., , 2016 to investigate the dynamic APA site usage between two samples ( Supplementary Fig. S1c ). First, the index, termed PD (percentage difference), is used to quantify the difference of APA site usage between two samples in a given gene, which is defined as following:
Here, M is the number of poly(A) sites in a gene; a and b denote the two samples; p k a represents the fraction of read coverage of poly(A) site k over all poly(A) sites of the gene in sample a. Here the read coverage for each poly(A) site is the estimated expression level of the corresponding 3 0 UTR ( Supplementary Fig. S1b ).
Next, the linear trend test based on the Pearson product moment correlation coefficient (Fu et al., 2011 (Fu et al., , 2016 ) was adopted to examine significant changes of APA site usage in a gene between two samples. Benjamini-Hochberg method (Benjamini and Hochberg, 1995) is used to estimate the FDR (false discovery rate). By default, we consider genes with PD higher than a threshold and with FDR below a cutoff as genes with differential APA site usage. More details are described in Supplementary Methods.
Validation
We used both simulated data and real RNA-seq data from human and Arabidopsis to evaluate the results of APAtrap. The simulated RNA-seq data of 50 bp paired-end reads with a 150 bp fragment size were generated by Flux Simulator (Griebel et al., 2012) , 2007) . For Arabidopsis, two RNA-Seq samples subjected to control and mild drought conditions were used (Clauw et al., 2015) . Annotated poly(A) sites in Arabidopsis were downloaded from PlantAPA database (Wu et al., 2016) , which were collected from leaf, seed and root tissues of wild type (WT) and mutant oxt6. For the evaluation of performance of differential APA detection, we calculated the true index [PD or ODD (Wang et al., 2014) ] from the test data and compared it with the value estimated by each tool. Smaller difference between the predicted index and the true index indicates better prediction and a differential APA event with both true index and estimated index above a given cutoff is considered as a true prediction. More details about the validation are described in Supplementary Methods.
Results

Evaluation of APAtrap using simulated data
We conducted a simulation study to assess the performance of APAtrap using simulated RNA-seq data with predefined APA events. Since in many APA studies only proximal and distal poly(A) sites of a gene were considered when inferring dynamic APA site usage, we first simulated 1000 human genes with exact two isoforms. One isoform is from the annotated genome and the other is 1000 bp longer. The expression level of each isoform is randomly generated by Flux Simulator (Griebel et al., 2012) , therefore the PD values between two samples of all the 1000 genes are uniformly distributed in [0, 1] . Using these simulated RNA-seq reads as inputs, we compared APAtrap with two other tools also based on RNA-seq read coverage change, ChangePoint (Wang et al., 2014) and DaPars (Xia et al., 2014) . First, we calculated the correlation of the real index (PD or ODD) and the estimated index from each tool ( Supplementary Fig.  S2 ). APAtrap obtained the best correlation followed by DaPars, while ChangePoint presented much lower correlation, suggesting better ability of APAtrap and DaPars to recover the true difference in the dataset. Next, we evaluated the APA site prediction accuracy of different tools. Apparently, APAtrap and DaPars recovered significantly higher number of true poly(A) sites than ChangePoint, while APAtrap performed slightly better than DaPars (Fig. 1a) . We also compared the performance of these three tools in the detection of dynamic APA events between two conditions. The accuracy and ROC (receiver-operating characteristic) curve at different cutoffs from 0 to 1 in an increment of 0.05 for each tool were reported. The accuracy of APAtrap was the highest no matter which cutoff was applied (Fig. 1b) . APAtrap and DaPars provided more stable results than ChangePoint regardless of the cutoff, indicating the robustness of these two methods and the desirability of the PD metric. APAtrap also provided the best performance with the highest areas under ROC curve (AUC: APAtrap ¼ 0.95, DaPars ¼ 0.90 and ChangePoint ¼ 0.67) among the three tools (Fig. 1c) . Apparently, ChangePoint performed the worst with considerably higher false positive rate (FPR) but lower true positive rate (TPR). In contrast, APAtrap provided the best TPR with low FPR especially at small cutoff while the TPR of DaPars at small cutoff was slighter lower than that of APAtrap.
Recent studies with deeper sequencing coverage have uncovered increasing number of poly(A) sites than expected. Here we conducted another simulation study that is not limited for genes with exact two isoforms but for genes with one to four isoforms. 
Application of APAtrap to RNA-seq data in human
Next, we evaluated the performance of APAtrap using experimental RNA-seq data in human. APAtrap and DaPars identified 161 and 111 genes with differential APA site usage based on the same cutoff of FDR and PD (FDR 0.05, PD ! 0.2), respectively (Fig. 2a) . Among them, 51 genes were predicted by both methods. Using polyA-seq data, 205 genes with differential APA site usage were Fig. 1 . Evaluation of performance of APAtrap using simulated data.
(a) Fraction of recovered poly(A) sites using different methods in the two-isoform study. If a predicted poly(A) site is located within a predefined distance from any annotated poly(A) site, then the prediction is considered as a true prediction. Cutoffs from 0 bp to 100 bp in an increment of 10 bp were set.
(b) Accuracy of detecting differential APA site usage using different methods in the two-isoform study. A differential APA event with both true index and estimated index above a given cutoff is considered as a true prediction. Cutoffs from 0 to 1 in an increment of 0.05 were set. (c) ROC curves of dynamic APA event detection using different methods in the two-isoform study. (d-f) As in a-c, except that genes with one to four isoforms were used identified. We noted that only a small number of genes predicted by both methods were validated by polyA-seq (30 from APAtrap, 22 from DaPars). This may be because that the real poly(A) site dataset from polyA-seq is far from complete and different sequencing strategies or sequencing depth were used to generate the RNA-seq data and polyA-seq data. This result also indicates that there is still lot of scope to improve the accuracy of dynamic APA event prediction from RNA-seq data. Up to 84.5% (136/161) genes identified by APAtrap and 78.4% (87/111) genes identified by DaPars prefer using longer 3 0 UTR in the Brain sample, respectively (Fig. 2b, c) .
This result is consistent with recent reports that brain tissues normally have the longest 3 0 UTRs (Miura et al., 2013). Overall, APAtrap identified more dynamic APA events and 'longer events' than DaPars, demonstrating the efficiency of APAtrap and the importance of considering all potential poly(A) sites for the detection of differential APA site usage. Based on these genes with differential APA site usage identified by both methods, we next compared the ability of APAtrap and DaPars in recovering true poly(A) sites. APAtrap predicted 454 poly(A) sites for the 161 genes, including 293 proximal poly(A) sites and 161 distal ones (Fig. 2d) . Up to 86% (139/161) distal poly(A) sites were verified by the annotated poly(A) dataset. It should be noted that DaPars only predicts one proximal poly(A) site for each gene based on the annotated 3 0 end, therefore no predicted distal poly(A) site is available from DaPars. Since APAtrap can predict multiple proximal poly(A) sites while DaPars identifies only one proximal site, for fair comparison of proximal poly(A) site prediction, we compared the number of genes with accurately identified proximal poly(A) sites. APAtrap identifies 161 genes with proximal poly(A) sites and 64% (103) of them had at least one accurately predicted proximal site (Fig. 2d) . In contrast, DaPars identified 111 proximal poly(A) sites and 63% of them were verified by annotated poly(A) sites (Fig. 2d) . APAtrap predicted higher number of true proximal sites than DaPars (129 versus 70) (Fig. 2e) , which due to that APAtrap is capable of detecting multiple proximal sites. Meanwhile, APAtrap identified 157 proximal poly(A) sites that were not verified by annotated poly(A) site database. This is not surprising because the current poly(A) site database is far from complete (Lee et al., 2007; Wu et al., 2016) and the specific samples used in this study may not be presented in the database. What is surprising, however, is that only 32 proximal poly(A) sites were predicted by both methods, indicating the importance of using different tools for poly(A) site prediction. The significantly higher number of proximal poly(A) sites or genes with differential APA site usage identified by APAtrap than DaPars may be due to the following reasons. First, APAtrap can automatically refine annotated 3 0 UTRs by the sliding window strategy to identify shortened or lengthened 3 0 UTRs and novel 3 0 UTRs before predicting poly(A) sites. Among the proximal poly(A) sites detected by APAtrap, 14 were located in newly identified 3 0 UTR regions. Some examples are shown in Supplementary Figure S3 . Second, APAtrap is more effective than DaPars in identifying all potential poly(A) sites rather than only the proximal one, which has been demonstrated in the simulation study (Fig. 1) . APAtrap identified 230 proximal poly(A) sites which were missed by DaPars. Some examples are shown in Supplementary Figure S4 . Third, APAtrap could estimate a more accurate PD than DaPars ( Supplementary Fig.  S2 ), which will better reflect the true difference between samples and boost up the sensitivity of the prediction. Some examples are shown in Supplementary Figure S5 . There are 64 poly(A) sites that were only identified by DaPars. By close inspection of these cases, we found some interesting observations. First, DaPars identified poly(A) sites located in 3 0 UTRs that were overlapped with other exons (Supplementary Fig.  S6 ), while such cases would be discarded in APAtrap because of potential read mapping errors in overlapped regions. Second, the large gap of RNA-seq read coverage in some 3 0 UTRs may lead to identifying shortened 3 0 UTR by APAtrap, while DaPars uses the annotated 3 0 UTR regardless of the read coverage in the whole 3 0 UTR region (Supplementary Fig. S7 ). Although some poly(A) sites located beyond the shortened 3 0 UTRs would be neglected by APAtrap, we prefer to use the refined 3 0 UTR to increase the confidence of predicted poly(A) sites and using RNA-seq data with higher sequencing depth will also solve this problem. Third, APAtrap uses a different and more stringent criterion than DaPars to assess the statistical significance of differential APA site usage, which may lead to some poly(A) sites with high PD fail to pass the FDR cutoff. Some cases are shown in Supplementary Figure S8 . However, in practical application, users can freely choose different combinations of PD and FDR cutoffs to select desirable number of genes with differential APA site usages. By manual inspection, we also found some special cases that some poly(A) sites predicted by DaPars were located near authentic ones while no significant read coverage change was observed around the predicted poly(A) sites ( Supplementary Fig. S9 ). In contrast, there is an obvious read coverage drop-off around the poly(A) site predicted by APAtrap. Indeed, the ratio of read coverage between downstream 100 bp and upstream 100 bp around poly(A) sites predicted by APAtrap was much lower than that by DaPars (Wilcoxon test, P-value ¼ 3.77 Â 10 À4 , Fig. 2f ). Despite of different models used in DaPars and APAtrap, both methods infer poly(A) sites by detecting significant changes of read coverage, therefore we suspected that this kind of poly(A) sites predicted by DaPars without significant change of read coverage were actually false predictions even they were located near true poly(A) sites by chance.
Flexibility of using APAtrap on different species
To demonstrate the flexibility of using APAtrap on different species, next we identified APA sites and differential APA events in the model plant Arabidopsis thaliana using RNA-seq data from control and mild drought conditions (Clauw et al., 2015) . Parameters of APAtrap could be fine-tuned to adapt to species with different genome size and 3 0 UTR length. Here we set both the window size in the sliding window strategy for detecting distal poly(A) site and the minimum distance between two poly(A) sites as 50 bp.
Using the RNA-seq data as an input, APAtrap identified 224 genes with differential APA site usage, while DaPars identified 152 genes (FDR 0.05, PD ! 0.4) (Fig. 3a) . A moderate number of genes (62) were detected by both methods. APAtrap predicted 450 proximal poly(A) sites from the 224 genes. Among them, $41% (184) poly(A) sites were located within 50 bp of annotated poly(A) sites, and $62% (104) genes had at least one accurately predicted proximal poly(A) site (Fig. 3b) . In contrast, $37% proximal poly(A) sites predicted by DaPars were verified by annotated poly(A) sites. Generally, APAtrap identified more dynamic APA events than DaPars and more proximal poly(A) sites predicted by APAtrap were verified by annotated poly(A) site database, which demonstrates the efficiency of APAtrap for different species. Surprisingly, the gene ontology analysis showed that genes with differential APA site usage identified by APAtrap and DaPars were enriched in distinct groups of functions (Fig. 3c) . However, gene ontology results from APAtrap such as peroxisome organization, lipid oxidation, lipid modification and fatty acid beta-oxidation have been demonstrated to be related to drought resistance in previous studies (Campo et al., 2014; Hameed et al., 2012) . Again, this result demonstrates the effectiveness of APAtrap in identifying function related genes that are regulated by APA and respond to specific biological conditions.
Using APAtrap to identify novel 3
0 UTRs and 3
0
UTR extensions
One feature of APAtrap is the identification of novel 3 0 UTRs and 3 0 UTR extensions, which could be useful in improving 3 0 UTR annotations in genomes lacking complete information of 3 0 UTRs. Here we refined 3 0 UTRs in Arabidopsis using the same RNA-seq data in the above study. To focus on novel 3 0 UTRs, a minimum length change of 50 bp is required. A total of 1417 confident 3 0 UTRs, including 548 novel 3 0 UTRs and 869 3 0 UTR extensions, were identified, comprising $0.24 Mb of unannotated sequence. The average length is 276 nt (Fig. 4a) , far above the average 3 0 UTR length of annotated genes (216 nt). These 3 0 UTRs are covered by an average of 39 RNA-seq reads depth, demonstrating their high quality. Up to 1694 annotated poly(A) sites supported by an average of 28 reads depth which are located in 1417 newly identified 3 0 UTR portions.
Particularly, seven 3 0 UTRs extended more than 1000 nt, which is similar to the observation in the previous study that some exceptionally long 3 0 UTRs (many >10 kb and some >18 kb in length) were found in mammals (Miura et al., 2013). As we used limited RNAseq data in specific samples and discarded 3 0 UTRs that failed to meet our stringent criteria, the scope of 3 0 UTRs or 3 0 UTR extensions is likely even larger than we currently annotated. Poly(A) sites that originated from novel 3 0 UTR regions bore single nucleotide profiles that were similar to those located in annotated 3 0 UTRs (Fig. 4b) , demonstrating the confidence of the newly identified 3 0 UTRs. (Fig. 4c) . The number of genes with poly(A) sites after assigning new 3 0 UTR rises from 931 to 1287. Without new 3 0 UTRs, 363 and 568 genes possess one or more than one poly(A) site, respectively. In contrast, 344 genes have a single poly(A) site, 943 genes have multiple poly(A) sites with the addition of 3 0 UTRs (Fig. 4d) . Utilizing new 3 0 UTRs, the APA extent is increased from $40 to $67%, and 954 genes show the increase of the number of poly(A) sites. If genes were added 3 0 UTR with a fixed length as in the previous study (Wu et al., 2014) , the APA extent became 57%. It is interesting to note that the fraction of APA genes showed significant difference between using new 3 0 UTRs identified by our protocol and using 3 0 UTRs extended with a fixed length (Chisquared test, P-value ¼ 9.4e-7). Therefore, with increasing availability of RNA-seq data, using 3 0 UTRs identified by our protocol would fully exploit the power of RNA-seq for a better estimate of the occurrence of poly(A) sites within each putative 3 0 UTR. 
Discussion
Transcriptional profiling via deep sequencing has underscored the complexity and dynamics of APA across tissues and different stages of cells. Computational identification of APA sites has been a major goal in the field of mRNA 3 0 processing. Although approaches based on 3 0 end sequencing are capable of locating precise poly(A) sites, they are costly and technically demanding, limiting their application in wider range of species. As RNA-seq has become a routine protocol for transcriptome analysis, it is of great importance to leverage newer computational methods to quantify APA dynamics based on RNA-seq data. However, research progress in this area has been relatively limited and only a few tools are available for the identification of poly(A) sites from RNA-seq data. Cufflinks (Trapnell et al., 2012) and 3USS (Le Pera et al., 2015) are methods that use transcript assembly to determine transcript 3 0 ends, however, many distal poly(A) sites are neglected by methods based on transcriptome assembly (Miura et al., 2013) . ContextMap 2 (Bonfert and Friedel, 2017) and Kleat (Birol et al., 2015) can identify poly(A) sites by mapping poly(A) reads from RNA-seq. Although using poly(A) read mapping provides direct evidence for polyadenylation, a very small fraction of RNA-seq reads contain poly(A) tails, leading to low sensitivity of these methods in identifying APA events. In contrast to methods that employ poly(A) reads, other methods, like DaPars (Xia et al., 2014) and ChangePoint (Wang et al., 2014) , identify APA sites based on the change of RNA-seq read coverage in terminal exons. Although these approaches have achieved reasonable performance in identifying APA events from RNA-seq data, most of them can neither identify more than two poly(A) sites in a gene nor detect APA-site switching genes considering more than two poly(A) sites. Moreover, they are not suitable for identifying APA events from more than two samples as comparison of only two samples are allowed. As more data are being sequenced and increasing number of genes are found to have more than two poly(A) sites, more sophisticated approaches that are flexible in identifying all potential APA sites and dynamic APA events in more than two samples are in high demand. To overcome the limitations associated with these pioneering studies, we proposed an approach termed APAtrap which is devoted to the accurate identification of APA sites, novel 3 0 UTRs or extensions, and differential APA site usage from RNA-seq data. We comprehensively evaluated the performance of APAtrap using both simulated and real data and compared it to other competing approaches, including ChangePoint (Wang et al., 2014) and DaPars (Xia et al., 2014) . The results showed that APAtrap is powerful in identifying functionally important APA events and dynamic APA usage in different biological conditions and achieves considerably higher accuracy than the competing approaches. The better performance of APAtrap may be attributed to the following reasons. First, the sliding window strategy adopted in APAtrap with stringent conditions enables accurately finding potential poly(A) site regions with substantial change of read coverage and estimating the number of poly(A) sites. The subsequent mean squared error model used in APAtrap for poly(A) site prediction is less complex but more efficient than models used in the competing methods, such as the regression model in DaPars and the likelihood ratio test in ChangePoint, demonstrating bright prospect in using APAtrap for large-scale analysis. On a practical note, ChangePoint is much more time consuming than APAtrap and DaPars for relatively large data, which limits its application in large-scale analysis. Second, the proposed PD index considers the effect of 3 0 UTR length and is capable of quantifying the difference of APA usage in genes with more than two poly(A) sites. In contrast, the DPDUI used in DaPars and ODD used in ChangePoint considers only the proximal and distal poly(A) sites. We need to point out that ODD is not an appropriate metric because it uses the absolute read count in 3 0 UTR regions while fails to exclude the effect of 3 0 UTR length as longer 3 0 UTRs tend to have more reads. Another disadvantage of ODD is that it is too sensitive to read count and slight difference of the read count in different poly(A) regions would result in a relatively large ODD. Results of the simulation studies clearly indicate the importance of using an appropriate metric in detecting differential APA site usage (Fig. 1) . Third, as demonstrated in the simulation study for one to four poly(A) sites, incorporating information of additional poly(A) sites rather than only the proximal and distal ones would considerably improve the accuracy of dynamic APA usage detection. The ability of APAtrap to identify all potential poly(A) sites in refined 3 0 UTRs would definitely contribute to the better performance. Fourth, the linear trend test used in APAtrap for testing significance in difference of APA usage between samples has an advantage over independent test such as the Fisher's test in DaPars. The linear trend test allows more than two poly(A) sites and considers both the length and the expression level of each 3 0 UTR. In contrast, independent test used in DaPars only considers the proximal and distal poly(A) sites and neglects the length of 3 0 UTRs. We demonstrated the usefulness and applicability of APAtrap by analyzing experimental RNA-seq data in Arabidopsis and human. As expected, APAtrap identifies more poly(A) sites and dynamic APA events than DaPars. Poly(A) sites only predicted by APAtrap are shown to be highly confident in that many of them are overlapping with annotated poly(A) sites. Despite that there are some predicted poly(A) sites not supported by the annotated poly(A) database, these sites may be sample specific which are exclusively presented in specific tissues or conditions and have not been collected due to the incompleteness of current annotated database. Although continuous efforts to curate the genome annotation in different species are being made, the genome annotation for many species is far from complete. Particularly, the genome-wide annotation of 3 0 UTRs received much less attention than coding regions, where genes in many genome assemblies exhibit no annotated 3 0 UTR. Moreover, it has also been noted that the terminal exon annotations inferred from RNA-seq data by different transcriptome assembly tools can be inaccurate and incomplete (Miura et al., 2013; Shenker et al., 2015) . Recent genomic studies also documented widespread 3 0 UTR extensions. For example, data from RNA-seq revealed 2035 mouse and 1847 human genes that utilize substantially distal novel 3 0 UTRs (many >10 kb) (Miura et al., 2013) . Neural specific 3 0 UTR extensions have also been revealed in Drosophila (Smibert et al., 2012) and zebrafish (Ulitsky et al., 2012) , which may contribute to post transcriptional regulation underlying specific neuronal functions (Oktaba et al., 2015) . With the tsunami of new genomes and RNA-seq data being sequenced, it would be highly desirable to improve the accuracy of 3 0 UTR annotations from RNA-seq data. Using APAtrap to refine annotated 3 0 UTRs and identify novel 3 0 UTR extensions might benefit the cause.
The novel 3 0 UTRs in Arabidopsis inferred by APAtrap were verified to share the same characteristics as annotated 3 0 UTRs, suggesting the effectiveness of APAtrap in 3 0 UTR identification. Moreover, in recent genomic studies on polyadenylation, it is common to extend annotated 3 0 UTR or gene model by a fixed length to capture uncharacterized poly(A) sites or transcript extensions, e.g. 5 or 1 kb for mammals (Derti et al., 2012; Lianoglou et al., 2013) , 500 bp for rice (Shen et al., 2008) , 218 bp for Arabidopsis (Wu et al., 2011) and 600 bp for Medicago truncatula (Wu et al., 2014) . Despite its simplicity and straightforwardness in improving the 'recovery' of poly(A) sites that may fall in authentic 3 0 UTRs, the same extended length was set for all annotated genes, neglecting the variation of 3 0 UTR length in different genes. In order to get more accurate estimate of annotated poly(A) sites for each gene, a better approach is to revise the 3 0 UTR regions of individual genes with new methods as the one described in this study. The 3 0 UTRs of mRNAs contain regulatory elements such as microRNA-binding sites, which could affect mRNA stability or translation efficiency. Inclusion of refined 3 0 UTRs detected by APAtrap could provide a more extensive reference database for the searching of potential cis-elements binding to specific 3 0 UTRs, which would help fully understand the functional roles of 3 0 UTRs.
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